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A B S T R A C T   
Annual global land cover maps (GLC) are being provided by several operational monitoring efforts. However, 
map validation is lagging, in the sense that the annual land cover maps are often not validated. Concurrently, 
users such as the climate and land management community require information on the temporal consistency of 
multi-date GLC maps and stability in their accuracy. In this study, we propose a framework for operational 
validation of annual global land cover maps using efficient means for updating validation datasets that allow 
timely map validation according to recommendations in the CEOS Stage-4 validation guidelines. The framework 
includes a regular update of a validation dataset and continuous map validation. For the regular update of a 
validation dataset, a partial revision of the validation dataset based on random and targeted rechecking (areas 
with a high probability of change) is proposed followed by additional validation data collection. For continuous 
map validation, an accuracy assessment of each map release is proposed including an assessment of stability in 
map accuracy addressing the user needs on the temporal consistency information of GLC map and map quality. 
This validation approach was applied to the validation of the Copernicus Global Land Service GLC product 
(CGLS-LC100). The CGLS-LC100 global validation dataset was updated from 2015 to 2019. The update was done 
through a partial revision of the validation dataset and an additional collection of sample validation sites. From 
the global validation dataset, a total of 40% (10% for each update year) was revisited, supplemented by a tar-
geted revision focusing on validation sample locations that were identified as possibly changed using the BFAST 
time series algorithm. Additionally, 6720 sample sites were collected to represent possible land cover change 
areas within 2015 and 2019. Through this updating mechanism, we increased the sampling intensity of vali-
dation sample sites in possible land cover change areas within the period. Next, the dataset was used to validate 
the annual GLC maps of the CGLS-LC100 product for 2015–2019. The results showed that the CGLS-LC100 
annual GLC maps have about 80% overall accuracy showing high temporal consistency in general. In terms of 
stability in class accuracy, herbaceous wetland class showed to be the least stable over the period. As more 
operational land cover monitoring efforts are upcoming, we emphasize the importance of updated map vali-
dation and recommend improving the current validation practices and guidelines towards operational map 
validation so that long-term land cover maps and their uncertainty information are well understood and properly 
used.   
1. Introduction 
Land cover represents important biophysical properties of the earth’s 
surface. Changes in land cover can have a significant impact on the 
earth’s ecological and biogeochemical processes. Due to its importance, 
land cover is regarded as one of the important terrestrial variables for 
monitoring. It has been selected as one of the Essential Climate Variables 
(ECV) as part of Climate Change Initiatives (CCI) by the European Space 
Agency (GCOS, 2010) and it is included in the variables for monitoring 
by the Copernicus Global Land Service (CGLS) and Copernicus Climate 
Change Service (C3S) (Buchhorn et al., 2020b; Defourny, 2019). Land 
cover and its change are directly related to implementing and moni-
toring Sustainable Development Goal (SDG) indicators such as change in 
the extent of water-related ecosystems, land consumption rate, and 
* Corresponding author. 
E-mail address: nandin.tsendbazar@wur.nl (N. Tsendbazar).  
Contents lists available at ScienceDirect 
Remote Sensing of Environment 
journal homepage: www.elsevier.com/locate/rse 
https://doi.org/10.1016/j.rse.2021.112686 
Received 20 May 2021; Received in revised form 30 August 2021; Accepted 1 September 2021   
Remote Sensing of Environment 266 (2021) 112686
2
proportion of land that is degraded (Romijn et al., 2016; UN-GGIM, 
2019). 
Owing to continued interests in land cover monitoring, global land 
cover (GLC) mapping efforts have seen accelerated progress over the last 
three decades. Since the first satellite-based GLC map was produced in 
1994 (DeFries and Townshend, 1994), several GLC maps have been 
produced at different resolution and temporal update frequencies. Both 
the IGBP (International Geosphere–Biosphere Programme) map and 
GLC2000 map cover a single year at 1 km pixel size (Bartholomé and 
Belward, 2005; Loveland et al. 2000). In contrast, maps such as the 
Globcover, CCI-Land Cover, and MODIS (Moderate Resolution Imaging 
Spectroradiometer) encompass two or more epochs at medium resolu-
tion (300–500 m) (CCI Land Cover, 2017; Defourny et al., 2011; Sulla- 
Menashe et al., 2019). Recent advances in satellite data acquisition and 
processing capabilities have led to the release of GLC maps at a higher 
resolution based on Landsat and Sentinel data (Chen et al., 2015; Gong 
et al., 2013). The first GLC map at 10 m was produced based on Sentinel- 
2 imagery (Gong et al. 2019). More GLC maps at 10 m are being pro-
duced, for example by the ESA’s WorldCover project, which aims to 
release a GLC map using Sentinel-1 and -2 data (ESA-WorldCover, 
2020). 
One of the important user requirements for GLC mapping is conti-
nuity, stemming from the need for continuous monitoring for ongoing 
global issues, such as climate change, sustainable land management, and 
SDG implementation monitoring. As such, several mapping efforts pro-
vide operational and continuous land cover products. For example, the 
CCI-Land Cover product offers annual GLC maps between 1992 and 
2015 at 300 m pixel size (CCI Land Cover, 2017). As a continuation, 
2016–2018 maps were produced as part of the C3S (Defourny 2019). 
The CGLS also provides operational land cover monitoring at a global 
scale with the release of annual GLC maps for 2015–2019 containing 
discrete and fractional land cover layers (CGLS-LC100m) (Buchhorn 
et al., 2020a). Users interested in operational land cover monitoring 
emphasize the importance of temporal consistency or stability in land 
cover characterization over time (Bontemps et al., 2011). Due to clas-
sifier uncertainty, noise in the input data, and disturbances such as fire 
and droughts, multi-temporal maps can be affected by year-to-year 
variability in the classification results, and this could lead to erro-
neous detection of land cover changes (Friedl et al., 2010; Sulla- 
Menashe et al. 2019). The temporal consistency of multi-year land 
products and stability in their accuracy are therefore highlighted as key 
requirements for monitoring land cover as an ECV for Global Climate 
Observing Systems (GCOS) (GCOS, 2011). Particularly, for the climate 
modelling community, which requires long-term and consistent land 
cover observations, the stability in product accuracy is an important 
requirement (Bontemps et al., 2011). Stability assessment of product 
accuracies has been previously investigated for time series of burnt area 
products (Padilla et al., 2014). However, stability in product accuracy is 
not reported for current GLC products, and the methods to assess sta-
bility are also lacking. 
Evaluating the stability in the product accuracy for continuous GLC 
monitoring requires an operational validation framework to assess the 
accuracy of each release or each annual map. However, operational 
validation lags behind the product generations in GLC monitoring ef-
forts, because GLC products often do not include validation of the annual 
land cover maps. For instance, the commonly used CCI-Land Cover and 
MODIS Collection 5 GLC maps do not provide accuracy estimates for 
each annual GLC map, having the validation limited to a single or 
limited period (CCI Land Cover, 2017; Friedl et al., 2010). 
At the same time, quantitative validation of satellite-based land 
products is recommended to follow standardized guidelines to provide 
detailed uncertainty information and to allow product inter-comparison 
(Strahler et al., 2006). Land product validation guidelines, which also 
include land cover, were set up by the Land Product Validation (LPV) 
subgroup of the Committee on Earth Observing Satellites (CEOS) (LPVS- 
CEOS 2000). Accordingly, most GLC maps are validated following the 
CEOS-LPV Stage 3 validation guidelines, using statistically rigorous 
accuracy assessment methods based on good practices (Strahler et al., 
2006; Xu et al., 2020). However, current operational GLC mapping does 
not meet the CEOS-LPV Stage-4 validation guidelines, which recom-
mend a systematic updating of validation results for each new release or 
time series expansion (LPVS-CEOS 2000). Therefore, to support users’ 
confidence in the continued use of GLC products, operational land 
monitoring efforts need to expand their product validation into opera-
tional validation by updating product uncertainty and consistency 
information. 
Validation datasets used for GLC map assessments are recommended 
to be based on a probability sampling design which allows unbiased 
estimation of map accuracy (Mayaux et al., 2006; Olofsson et al., 2014). 
Probability sampling based validation datasets can also be used for area 
estimation of land cover classes and the precision of the area estimation 
can be improved using the mapped classes for stratification (Gallego, 
2004). A probability sampling design is therefore followed for the 
validation of many previous GLC maps (Tsendbazar et al., 2015). The 
validation datasets are often created through visual interpretation of 
very high-resolution (VHR) images (Pengra et al., 2020; Tarko et al., 
2020). Considering that human interpretation is costly and time- 
consuming, validation datasets should be designed to be easily adjust-
able for timely and continuous validation of new releases of land cover 
products and yet maintaining statistical rigor. Limited research has been 
done in designing and generating a validation dataset suitable for 
operational land cover monitoring. At a national scale, Pengra et al. 
(2020) used a validation design based on simple random sampling to 
assess a land cover product over the last 30 years by interpreting annual 
reference land cover between 1984 and 2016. This dataset was used to 
validate the LCMAP (Land Change Monitoring, Assessment, and Pro-
jection) operational land cover monitoring of the United States of 
America (Brown et al., 2020). Operational and regularly updated vali-
dation practices are currently limited for global-scale land cover 
monitoring. 
Multi-temporal or annual land cover products are sometimes used to 
assess and/or estimate land cover change areas (Li et al., 2018) as an 
alternative way to direct land cover change monitoring (Woodcock 
et al., 2020). However, land cover change detection based on post- 
classification map differencing is not a trivial exercise as any misclas-
sification errors of land cover maps may have a significant impact on 
land cover change monitoring (Colditz et al., 2012). Therefore the ac-
curacy of land cover change detection needs to be assessed as a separate 
step. Furthermore, estimation of land cover change areas can be 
improved by making use of the mapped classes and a statistical sample 
(Olofsson et al., 2014). These steps require extra attention, in addition to 
the accuracy assessment of annual or multitemporal maps. The focus of 
this study is on assessing the accuracy of annual GLC maps. 
This study presents a framework for operational validation of 
continuous GLC monitoring and proposes metrics to assess the stability 
of the accuracy of annual GLC maps. The work is based on the efforts for 
validating the annual CGLS-LC100 product (Tsendbazar et al., 2020). 
Tsendbazar et al. (2018) introduced a multi-purpose validation dataset 
(CGLS-LC100 validation dataset) for Africa based on a design that is 
suitable for assessing maps with different resolutions (10–100 m). 
Building upon this dataset, we developed an operational validation 
protocol suitable for continuous land cover monitoring at a global scale, 
herein considering cost-effectiveness and timeliness. After implement-
ing it, we assessed the accuracy and the stability of accuracy of the 
annual CGLS-LC100 product over the period of 2015–2019. 
2. Methods 
2.1. A framework for operational validation for continuous land cover 
monitoring 
Validating continuous land cover monitoring products requires an 
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up-to-date statistically rigorous validation dataset. This implies valida-
tion datasets that need regular updating. To allow map validation 
without much time lag after the land cover product release, the vali-
dation dataset updating needs to be cost-effective without compro-
mising the statistical rigor. Fig. 1 shows the schematic overview of the 
operational validation framework consisting of two main parts, namely, 
regular update of the validation dataset and continuous map validation.  
A Regular update of a validation dataset  
A1 Validation dataset 
We base the framework for regular updates of a validation dataset on 
a stratified random sampling scheme (Fig. 1-A1). This sampling scheme 
allows unbiased estimation of map accuracy metrics with known asso-
ciated variance (Olofsson et al., 2014; Stehman, 2009b) and it is 
commonly used for validation dataset generation for land cover moni-
toring (Tsendbazar et al., 2015). Furthermore, a stratified random 
sampling design enables augmenting a validation sample to address 
specific regions or classes of interest (Stehman et al., 2012).  
A2 Revisiting sample sites. 
A validation dataset, based on stratified sampling, is collected for a 
certain reference year (T0). To update the validation dataset to a later 
period or year (T1), the validity of the reference land cover labels needs 
to be checked due to possible changes in land cover since the reference 
year. Since the manual revisiting and interpretation efforts are very 
costly and time-consuming (Pengra et al., 2020; Tarko et al., 2020), we 
propose a partial revisit of the validation dataset consisting of a targeted 
revisit and a random revisit of the validation dataset (Fig. 1-A2). Firstly, 
limited efforts are targeted to sample sites that have a high possibility of 
land cover change occurrence since the reference year (T0). Here, a time 
series change detection algorithm could be conducted to identify sites 
that are unstable in terms of surface reflectance or vegetation indices, 
thus having a high possibility of land cover change. Time series change 
detection algorithms such as Breaks For Additive Season and Trend 
(BFAST) and Continuous Change Detection and Classification (CCDC) 
(Verbesselt et al., 2012; Zhu and Woodcock, 2014) are run at validation 
site locations. Secondly, depending on the available resources, a random 
subset of the validation dataset is rechecked for possible land cover 
changes. Such a random revisit is particularly useful to assess whether 
time series algorithms are omitting any occurrence of the land cover 
change. Finally, the whole validation dataset is revisited after a certain 
period (e.g., 5 years) to maintain the quality of the dataset.  
A3 Additional sample sites for change areas. 
To reduce the time lag between product validation and product 
Fig. 1. Framework for operational validation for land cover monitoring consisting of regular update of validation data (A) and continuous map validation (B).  
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generation, the revisiting step (Fig. 1-A2) is conducted in parallel to the 
continuous GLC map production as it is independent of the product 
generation. Once the revisiting is done, the updated validation dataset is 
used to assess the accuracy of the updated GLC maps. However, if there 
is an interest in gaining insights on land cover transitions of the opera-
tional GLC monitoring product, additional validation sample sites can be 
collected to increase the sampling intensity of validation sample sites in 
land cover change areas, identified by the operational GLC monitoring 
(Fig. 1-A3). As demonstrated by Stehman et al. (2012), a stratified 
random sampling design is suitable for augmenting the sample size.  
A4 Updated validation dataset. 
The original validation dataset and the additional validation sample 
sites are combined to validate updated land cover products for an update 
year/period (T1) (Fig. 1-A4). To do so, the inclusion probability of a 
given site being included in the sample needs to be known and must be 
greater than zero, for both the original sample sites and additional 
sample sites (Stehman 2000; Stehman et al., 2012). For probability 
sampling, the inclusion probability (πh) for sample sites in stratum h is 
defined as follows: 
πh = kh/Kh (1)  
where kh is the number of sample sites in stratum h, and Kh is the pop-
ulation size for stratum h (Pengra et al., 2015). 
The original stratification is modified by imprinting the change 
stratum. Here the change stratum is cut out of the original stratification 
and the areas of some overlapping original strata are reduced. The 
change stratum overrules the original stratification without producing 
second level substrata. This was chosen as a practical approach and it 
allows to give more focus to the change stratum and where changes are 
likely to have occurred. 
The updated validation data (original and additional sample sites) 
are overlaid on the modified stratification. Subsequently, the area of 
each stratum is calculated and the inclusion probability is calculated 
based on the number of sample sites in the modified stratification. For 
example, as shown in Fig. 1-A1, stratum S1 initially had 5 sample sites 
for an area of 80 ha. The inclusion probability (π) for this stratum was 
0.0625. After adding the change area stratum (Fig. 1-A4), the area of this 
stratum reduced to 76 ha, and the number of sample sites for this stra-
tum became 4, which resulted in an inclusion probability of 0.0526. Our 
approach also implies that if an original sample site falls in the added 
change area stratum, it is considered to be part of the added change 
stratum regardless of its original stratification(S4). As a result of the 
revisiting and addition of sample sites, a total of 20 sample sites 
(including the un-revisited sites) is used for assessing follow-up releases 
and updates. 
For further updates or releases (T2, T3 …), the same procedure is 
applied (Fig. 1-A4). Here, the additional validation sites collected in 
Fig. 1-A3 for the previous update (e.g., T1) are not used in validating 
further releases (e.g., T2). For further updates, the up-to-date original 
validation dataset (Fig. 1-A4) without the added sites is considered the 
starting point, and the same procedure is followed to update the dataset 
further.  
B Continuous map validation  
B1 Assessing the accuracy of product updates. 
Once the validation dataset is updated, the accuracy of annual 
product releases and their precision are assessed using suitable estima-
tors. Since we employ a stratified design, a stratified estimator is used 
(Tsendbazar et al., 2018). The map product accuracy (overall and class- 
specific accuracies) is then calculated taking un-equal inclusion proba-
bility between the sample sites into consideration (Fig. 1-B1). Since the 
change stratum is added to the stratification, the commonly used 
stratified estimator by Olofsson et al. (2014) and Card (1982) are not 
suitable as the strata and the mapped classes are not the same. Instead, a 
stratified estimator by Stehman (2014) is used which is suitable when 
the strata are different from the map classes. According to Stehman 
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stratum h in the population and the sample variance of the yuvalues from 










Class accuracies (user’s and producer’s) and their variance are 
calculated as specified in Stehman (2014).  
B2 Assessing the stability in product accuracies. 
As temporal consistency in multi-year land cover products and sta-
bility in their accuracy are important requirements for users such as 
climate modelers (Bontemps et al., 2011; GCOS, 2011), we propose to 
include the assessment of stability in product accuracy in the operational 
validation framework (Fig. 1-B2). According to the climate users (GCOS, 
2011), stability in product accuracy is defined as “the extent to which 
the error of a product remains constant over a longer period”. A 
maximum of 15% of omission and commission error in mapping indi-
vidual land cover classes together with the stability of 15% is targeted 
(GCOS, 2011). As stability in the accuracy of land cover products has not 
been assessed previously, no clear methodologies are available to assess 
the stability in a descriptive way relating to this GCOS requirement. We 
propose to estimate the stability in product accuracy by calculating an 
index from class accuracies at different moments in time. 
The stability index for class accuracy SIcais proposed to be expressed 
as: 
SIca(t1) =
|cat1 − cat1− 1|
cat1− 1
*100 (5) 
Where, SIca(t1) is the stability index for a class accuracy (user’s or 
producer’s accuracy) for time t1, cat1 is a class accuracy for time t1, 
cat1− 1 is a class accuracy for the previous time (t0 or reference year). A 
low index value indicates that the class accuracy is stable, while higher 
index values denote the opposite. Eq. (5) is used to calculate the stability 
index of both the user’s and producer’s accuracy. The equation could 
also be adapted to calculate stability index in terms of class errors 
(omission and commission), by changing the notation to SIce and ce 
instead of ca. The omission error is 100 - producer’s accuracy, while 
commission error equals 100 - user’s accuracy. With class errors, the 
denominator in Eq. (5) can be modified to (100-cet1− 1) where cet1− 1 
indicating the errors of omission or commission for the previous period. 
This adjustment results in the same stability index values as when class 
accuracy is used. In this study, we calculated the stability index based on 
class accuracies. 
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After assessing the stability in class accuracy between two consecu-






Taking a maximum of the stability index to estimate stability in map 
accuracy may be considered a conservative approach and this could be 
modified to use “mean” or “median”, depending on the needs and 
requirements. 
The following subsections describe, how the proposed design was 
used as part of operational validation of the CGLS-LC100 product. 
2.2. Multi-purpose land cover validation data at global scale 
The CGLS-LC100 validation dataset builds upon Tsendbazar et al. 
(2018) which describes the design of the multi-purpose land cover 
validation dataset for the extent of Africa. Here we describe the dataset 
expanded to a global scale. 
2.2.1. Sampling design 
The CGLS-LC100 validation dataset is based on a stratified sample 
using the same stratification used in Tsendbazar et al. (2018). The 
stratification is based on the Köppen climate zones and human popu-
lation density (Olofsson et al., 2012). Here, each climate zone is divided 
into unpopulated and populated parts (more than 5 persons/km2). The 
sample size for each continent was 2700, consistent with the sample size 
for Africa (Tsendbazar et al., 2018). Asia was divided into 2 sub- 
continents due to its large size: Northern Eurasia and the rest of Asia. 
Northern Eurasia includes Russia (both European and Asian parts), 
Kazakhstan, and Mongolia, while the rest of Asia is referred to as Asia. 
Including the previously collected sample sites of Africa, a total of 
20,019 sample sites were selected across the world. A similar approach 
as the African validation dataset was used to allocate the sample sites 
(Tsendbazar et al., 2018). 
To increase the sampling intensity in rare land cover types such as 
wetland, urban, and water, additional sample sites were added for these 
land cover types. We selected at least 100 sample sites per land cover 
type for each continent. The extra sample sites were selected based on 
the CGLS-LC100 V2.0 discrete land cover map (Buchhorn et al., 2020b). 
The areas of the rare land cover types were added to the original strat-
ification of Olofsson et al. (2012) as additional strata, similar to the 
adjustments made for African stratification (Tsendbazar et al., 2018). 
The global stratification consisted of 149 strata in total, divided over 
seven (sub)continents each having 19–25 strata. The validation dataset 
contains a total of 21,752 randomly selected sample sites. 
2.2.2. Response design 
To keep the global validation dataset suitable for multiple purposes, 
each sample unit (100 m × 100 m) was divided into 100 small blocks/ 
subpixels (10 m × 10 m) (Tsendbazar et al., 2018). The subpixels are 
aligned to individual Sentinel-2 L1C pixels (Buchhorn et al., 2020b). In 
each subpixel, the dominant land cover elements were labelled. The land 
cover elements are trees with different leaf and phenology types, shrubs, 
grass, crops, built-up areas, water, snow/ice, and lichen/moss (Tsend-
bazar et al., 2018). Also, regularly flooded areas were marked. 
The initial collection of the global validation data was done on a 
web-interface (Tsendbazar et al., 2018) based on the Geo-Wiki platform. 
Data were collected between February and August 2018 followed by 
revision and quality checking processes. Regional experts, who have 
experience working with satellite-based land cover analysis and image 
interpretation, visually interpreted the reference land cover for the year 
2015 at validation sample sites. Including the regional experts of African 
data collection, in total 30 regional experts contributed to this process 
and their efforts were financially compensated. Regional experts and 
regions they worked on are provided in Fig. S1 in the Supplementary 
Materials. 
The global validation data collection applied several steps to ensure 
good quality land cover reference data for validation (Fig. 2). A remote 
training tutorial was conducted to familiarize the experts with the 
interface and land cover type definitions. As visual interpretation can be 
subjected to interpreter variability and bias (Strahler et al., 2006), 
feedback was given in loops of interpretations (Tarko et al., 2020). Here, 
experts received feedback on their work after they interpreted 10–20, 
50, and 100 validation locations and the rest of the validation locations. 
Experts continued to the next loop when they had resolved the feedback 
on the previous loop received from validation experts (authors affiliated 
to Wageningen University). Feedback was given for each sample loca-
tion. The experts either rebutted the feedback or corrected the in-
terpretations where necessary. Results of the feedback loop and 
correction rates with the loops are detailed in Tarko et al. (2020). 
Next, quality checks and consolidation steps were also conducted to 
select the revised labels. Here, we compared the reference land cover 
labels of the validation dataset with land cover products such as 
Northern American Land Cover product (Latifovic et al., 2004), CORINE 
(Bossard et al. 2000), Australian Dynamic Land Cover (Geoscience 
Australia, 2010), and Circumpolar Arctic Vegetation Map (Walker et al., 
2005). We rechecked any validation sites which did not match with 
these datasets for confirmation and consolidation. In total, approxi-
mately 32% of the total 21,752 sample sites were updated partially or 
fully as part of feedback loops and consolidation efforts. The results of 
the data collection were land cover labels at 10 m resolution subpixels 
and land cover fraction information of generic land cover elements at 
100 m resolution at the sample site locations for the reference year of 
2015. At 100 m resolution, the fraction information was then translated 
into the CGLS-LC100 discrete map legend following the approach used 
in Tsendbazar et al. (2018). 
2.2.3. Accuracy estimation protocol 
Since the sample design is the same as that for African extent, a 
similar accuracy estimation protocol reported in Tsendbazar et al. 
(2018) could be adopted at a global scale. At 100 m resolution, a 
stratified estimator by Stehman (2014) is used (Eqs. (2)–(4)). While, at a 
finer resolution (< 100 m), if multiple sample units are selected within 
the 100 × 100 m area, a stratified one-stage cluster approach could be 
applied (Pengra et al., 2015). Furthermore, the land cover fraction maps 
could also be assessed using this validation data (Tsendbazar et al., 
2018). 
2.3. Updating the validation dataset for assessing annual land cover maps 
We updated the global land cover validation dataset for 2015, 
described in the previous section, to the subsequent years, namely 2016 
to 2019. Since the updates for these years were done at the same time, 
we considered this as one update. Following the proposed operational 
validation framework, updates focused on two main parts, i) revisiting 
and ii) collecting additional validation data in possible change areas 
(Fig. 1-A). 
2.3.1. Revisiting the CGLS-LC100m validation dataset 
The revisiting of the CGLS-LC100m validation dataset was done for 
randomly selected and targeted sample sites following the proposed 
framework (Fig. 1-A). The revision aimed to confirm the land cover la-
bels for the reference year 2015 and update the labels in case of a change 
in land cover. A schematic overview of revisiting the CGLS-LC100 
validation dataset is provided in Fig. 3. 
Firstly, randomly selected 40% of the total sample sites were revis-
ited for each continent over the update period (2016–2019). Since, we 
wanted to update the datasets through four years (2016, 2017, 2018, 
and 2019), a 10% random revisit for each year was deemed appropriate 
given the available resources. Secondly, sample sites that had a high 
possibility of land cover change occurrence were targeted. Here, we 
identified sample sites that were tagged as “unstable” or “with breaks” in 
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terms of long-term time-series satellite data. Breaks detected during the 
update period may indicate possible land cover change. BFAST-Lite and 
BFAST Monitor change detection algorithms were run on MODIS NIRv 
(Near Infrared Reflectance of Vegetation) time series from 2009 until 
2020 at 300 m pixel size (Buchhorn et al., 2020a; Masiliunas et al., 2021; 
Verbesselt et al., 2010). The BFAST-Lite algorithm was used for the first 
three years (2016–2018), and the BFAST Monitor algorithm for the last 
year (2019). The latter was specifically designed for detecting breaks at 
the end of the time series (Verbesselt et al., 2010). We created yearly 
break maps between 2016 and 2019 for the globe and identified sample 
sites that were within the break areas. The algorithm could also be run at 
sample locations. As it could be possible to have breaks for multiple 
years for some locations (Masiliunas et al., 2021), we selected sample 
locations with at least one break during the period. In total, around 1300 
sample locations (6% of the total sample sites) were identified to be 
unstable or “with breaks”. From these points, some sample sites were 
already included in the 40% random revisits. Therefore additional 3.5% 
of sample sites were revisited, making the total revisited sites 9465 
(43.5% of the total sites). The revision was done by experts who worked 
on the generation of the CGLS-LC100 validation dataset for 2015. Be-
sides previously available images on the web interface, experts could 
also consult VHR images that were purchased from the Digital Globe 
repository for visual interpretation purposes. Each image covered a 500 
× 500 m area centred on the sample sites. Where available, at least one 
Fig. 2. Validation data collection and feefdback process.  
Fig. 3. A schematic overview of the revisiting done for the CGLS-LC100 validation dataset for 2016–2019.  
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image was displayed for each year (2016–2019). 
As a result of the revision, for the reference year 2015, 607 sample 
sites had at least one subpixel updated, and at 204 out of those, the 
updates were substantial enough to modify the discrete map legend at 
100 m level. The modifications of the reference land cover labels for the 
reference year 2015 were caused by the availability of the new VHR 
images and extra images made available in the background layers such 
as Bing and ESRI images. The modifications were made mostly in regions 
where satellite image coverage is scarce, namely the Siberia region. 
2.3.2. Collecting additional validation sample sites in possible change areas 
We collected additional validation sites to increase the sample size in 
possible change areas since 2015 (Fig. 1-A3). 
2.3.2.1. Additional sample site selection. We identified possible land 
cover change areas to use as a stratification for the additional sample site 
selection. The possible land cover change stratification was created for 
each pair of years for the update period (2015–2016, 2016–2017, 
2017–2018, and 2018–2019). First, based on the post-classification map 
differencing of the annual CGLS-LC100 V3.0 land cover maps (Buchhorn 
et al., 2020a), possible areas of change were identified. Second, to 
reduce spurious changes due to possible classification errors, the change 
area was further refined using the global break maps for each year 
(2016–2019). Any possible change areas outside the break masks were 
removed. Third, the possible change areas were limited to land cover 
change transitions that are deemed probable within the period (See 
Table S1 in the Supplementary Material). Lastly, to remove any spurious 
changes caused by salt and pepper pixel effects, and to be consistent with 
MODIS data on which the break maps were generated, all possible 
change areas that were less than 3 ha (3 adjacent pixels) were also 
removed. 
Next, for each pair of years (e.g. 2015–2016), and for each continent, 
240 sample sites were randomly selected based on the possible change 
stratification. A total of 1680 for each pair of years (e.g., 2015–2016, 
2016–2017) and 6720 sample sites for the update period (2015–2019) 
were selected. Sample allocation was based on the land cover type after 
a change, so each set of 240 sample sites was evenly distributed between 
the land cover type of the latter year (e.g., land cover class of 2016 in 
case of pair 2015–2016) within the possible change stratification. For 
each continent, there were 7–9 land cover types after a change for each 
pair year, which resulted in 31–35 strata for four pair years. By 
combining the seven (sub)continents, a total of 230 strata was included 
in the possible change stratification. 
The original CGLS-LC100 validation dataset was then combined with 
the additional sample sites. Similarly, the original stratification was 
modified by imprinting the change stratification. The modified stratifi-
cation included 379 (149 + 230) strata. As this affects the original 
stratification, the areas of all strata were recalculated. Sample inclusion 
probability and design weights of the validation sites were calculated 
using the area of the strata (the modified stratification) and the number 
of sample sites per stratum (Eq. (1)). 
Fig. 4 shows the spatial distribution of the additional validation 
sample sites, including the original validation sample sites. 
2.3.2.2. Reference data collection. The additional validation sample 
sites were visually interpreted by experienced experts involved in the 
global validation data collection (Table S3, in the Supplementary Ma-
terial). There were 960 sample sites for each (sub)continent. The experts 
used the same validation web-interface, based on the Geo-Wiki platform. 
Experts received feedback on their first 10–20 collected sample sites. 
Online assistance and revision of at least 10% of collected sample sites 
were provided by validation experts from Wageningen University. The 
collection and revision lasted from May to July 2020. 
At each sample unit, the land cover elements were labelled at 10 ×
10 m subpixel level for each reference year 2015–2019. In the case of 
sample sites where all subpixels had the same land cover for this period, 
the reference land cover was labelled once. In the case of sample sites 
where land cover for at least one subpixel was changed, the land cover 
was labelled for each reference year in the period 2015–2019 accord-
ingly (five times). Experts collected information on land cover inter-
pretation confidence for each sample site. Fig. 5 shows screenshots of an 
exemplary sample site with interpreted land cover for each year. 
Digital Globe VHR images, different background layers, Sentinel-2 
time series thumbnails, along with time series NDVI profiles displayed 
for visual interpretation in the validation data collection interface 
(Section 2.2), played an important role in visually interpreting land 
cover change. A screenshot of false-colour combinations of Sentinel-2 
time series data on the validation data collection interface is shown in 
Fig. 6. 
Finally, the additional validation sample sites targeting potential 
change areas and the revisited version of the validation dataset were 
combined (Fig. 1-A4) to come up with a validation dataset (total of 
28,321 sites) for each reference year in the update period, 2016 to 2019. 
2.4. Assessing the accuracy of annual GLC maps 
The third version (V3.0) of the Dynamic Land Cover product at 100 
m (CGLS-LC100m) was released recently by the Copernicus Global Land 
Fig. 4. (Sub) continental distribution of the validation sample sites (original and additional).  
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Fig. 5. Screenshots of an example sample interpretation in the Geo-Wiki interface for each year (2015–2019). 2015–2017: the land cover was a mix of trees, shrubs, 
and grass (green, orange and yellow colour respectively). A land cover change occurred around the fourth quarter of the year 2017 (see Fig. 6. 2018 and 2019: the 
land cover was cropland (magenta colour). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
Fig. 6. Screenshot of Sentinel-2 false colour composite (NIR, red, green) time series for 2017 and 2018 depicting land cover changes from a mix of trees, shrubs and 
grass into cropland. Sentinel-2 images are retrieved from Google Earth Engine through the Geo-Wiki interface. The images depict the same area as shown in Fig. 5. 
(For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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Service (Copernicus Global Land Service., 2020). The product includes 
GLC discrete and fraction layers for the reference years, 2015–2019. 
This product was generated using the PROBA-V 100 m time-series, a 
database of high-quality land cover training data, and several ancillary 
datasets (Buchhorn et al., 2020a). The global discrete map includes 23 
land cover classes at 3 different levels. The “level 1” legend contains 
generic land cover classes, such as forest, shrubs, herbaceous vegetation, 
cropland, urban/built-up, herbaceous wetland, lichen/moss, snow/ice, 
and water. The other two levels provide more detailed classes related to 
forests. The fraction layers show percentages of the generic land cover 
types (except herbaceous wetland) within each map pixel area (100 ×
100 m). The maps for 2015 (discrete and fraction) had a “Base” mode, a 
year for which the map processing chain was trained for. The maps for 
2016, 2017, and 2018 were produced using longer-term satellite data (3 
years). The map for 2019 was in NRT (near-real-time) mode, as longer- 
term satellite data was not yet available after the end of that year. 
Based on the accuracy estimation protocol of the validation dataset, 
we assessed the accuracy of the CGLS-LC100 V3.0 maps for 2015–2019. 
Since validation sample sites were not allocated proportionally to the 
strata areas, sample unequal inclusion probabilities between different 
strata were taken into consideration (Section 2.1). At validation sample 
locations, the reference land cover and the mapped land cover types 
were compared for each year. To estimate map accuracy and its confi-
dence intervals, Eqs. (2)–(4) were used following the approach by 
Stehman (2014). Accuracies and their confidence intervals of the 
discrete map were calculated at the global and (sub) continent levels, 
focusing on the Level 1 generic land cover classes (at 95% confidence 
level). 
We used the revised version (Section 2.3) of the original global 
validation data for 2015 (21,752 sample sites) for assessing the 2015 
GLC discrete map. To assess the updated GLC maps (2016–2019), we 
used the updated global validation data which combines the original 
validation dataset with the additional validation dataset (28,472 sample 
sites) (Section 2.3, Fig. 1-A4). 
Stability in map accuracy was also estimated following the proposed 
framework for operational validation (Fig. 1-B2). Stability in class ac-
curacies was calculated between the adjacent pairs of years using Eqs. 
(5) and (6). Over the whole period of 5 years, the stability was calculated 
by estimating the maximum and mean stability index between the pairs 
of years (2015–2019). 
3. Results 
3.1. Validation dataset updates 
The number of validation sites updated through 2015–2019 is listed 
in Table 1 for the different updating steps. As a result of the random and 
targeted revisits of the 9465 sample sites (Section 2.3), 277 sites were 
identified as changed for at least one subpixel in the sample site 
requiring update for the follow-up years 2016–2019. Among these, for 
151 (1.6%) sample sites, the changes were significant enough to have a 
change in the CGLS-LC100 map legend (Level1) between the years 2015 
and 2019. The change rate was 3% of sample sites that were targeted as 
unstable based on the BFAST time series algorithms. 
In contrast, among the additional sample sites, for the same period, 
34.8% of sites were reported to have changes in land cover at the CGLS- 
LC100 map legend level. A very high level of land cover change rate 
within the additional sample sites indicates that the added change 
stratification was successful in targeting land cover changes that 
occurred between 2015 and 2019 as opposed to the change rate in the 
original validation sites as part of revisiting. 
3.2. Annual map validation 
Annual map validation results showed that the discrete CGLS- 
LC100m V3.0 Level 1 map had an overall accuracy of 80.6 ± 0.7% at 
the global level for 2015, at 95% confidence level(Table 2). The annual 
updates (2016 - 2019) were assessed with around 80.3–80.4 ± 0.7% 
accuracy, with the 2019 map in NRT mode having 80.3 ± 0.7% accuracy 
at global level. 
For 2015, the overall accuracy at the continental level was around 
80%, with the highest accuracy of 83.5% for Asia and the lowest accu-
racy of 77.6% for North America (Table 2). The same trend could be 
observed for the maps for 2016 - 2019 with a maximum fluctuation in 
the overall accuracy of 0.8% for Northern Eurasia. Across five years, the 
2019 map had lower overall accuracies compared with the previous 
years. The lower accuracy could be explained by the 2019 NRT mode, 
which uses less data after the year has ended. Nevertheless, at the 
continental level, the land cover was mapped with high consistency. 
Despite the additional validation sites for change areas, the confidence 
intervals of the accuracy estimates (Table 2) are similar over the period. 
This is because the additional sample sites were selected only in change 
areas which occupy a relatively small portion of the mapped area, as 
opposed to other non-change strata. 
Fig. 7 shows the user’s and producer’s accuracies of different land 
cover types of the discrete CGLS-LC100m V3.0 2015–2019 maps. 
Generally, forest, bare/sparse vegetation, snow/ice, and permanent 
water were mapped with high accuracies (> 85%). Herbaceous vege-
tation, croplands, and urban were mapped with moderate accuracy 
(65% - 85%). In contrast, shrubs and herbaceous wetland classes were 
mapped with the lowest accuracies (< 65%). Class accuracies also show 
consistency between the annual products, as class-specific accuracies 
varied less than 2% for most classes within the period, with the excep-
tion of the herbaceous wetland class. 
Table 1 
Number of sample sites reviewed or collected as having a change in land cover 








Total reviewed 1305 9465 6720 
Change in any 
subpixel 
79 277 2515 
Change in the CGLS- 
LC100 legend 
39 151 2344 
Rate of change in the 
CGLS-LC100 
legend 
3% 1.6% 34.8%  
Table 2 
Overall accuracies of the discrete CGLS-LC100m V3.0 2015–2019 maps at 95% 
confidence level, for global and continental levels.   
2015 2016 2017 2018 2019 
Africa 80.3 ±
1.9 
80.2 ± 2 80.4 ±
1.9 

















































South America 80.1 ±
1.5 




80 ± 1.5 
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3.3. Stability in map accuracy 
The stability in class accuracies was estimated for the 5 years for the 
CGLS-LC100 product (Fig. 8). 
The results show that the CGLS-LC100m product was stable for the 5 
years, for most of the classes (stability index <15%). In terms of both the 
user’s and producer’s accuracy, the herbaceous wetland class was shown 
to be the least stable, although the user’s accuracy was slightly more 
stable. The herbaceous wetland class also had the lowest class accuracies 
(Fig. 7). 
Next, water, urban and shrubs classes showed higher relative insta-
bility while forest, bare/sparse vegetation, and snow/ice classes showed 
the least relative instability. 
Fig. 7. User’s and producer’s accuracies of different land cover types for the discrete CGLS-LC100m V3.0 2015–2019 maps.  
Fig. 8. Stability index for class accuracies (user’s and producer’s) in logarithmic increments for the CGLS-LC100 product 2015–2019; red dashed lines show targeted 
stability by the users according to GCOS (GCOS, 2011). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of 
this article.) 
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4. Discussion 
This study proposes a framework for operational validation of GLC 
monitoring products that aimed to reduce the lag between map pro-
duction updates and their validation. The framework has been imple-
mented as part of the CGLS-LC100 GLC monitoring efforts (Copernicus 
Global Land Service, 2017). As a result, we were able to timely assess the 
accuracy of the new collection of the CGLS-LC100 product including its 
annual land cover maps (Buchhorn et al., 2020a). In doing so, our 
validation addressed the Stage-4 validation requirements by the CEOS- 
LPV (LPVS-CEOS, 2000) and also provided estimations on the stability 
of map accuracy, deemed important by the GLC map users (GCOS, 
2011). The work presented in this study brings possibilities of unbiased 
area estimation of land cover types and land cover change estimation, 
which can be targeted in further studies. 
An essential part of operational validation is the regular update of 
the validation data to recent dates. This was addressed by a partial 
revisit of the original validation data and augmentation of sample sites 
in selected areas (Fig. 1-A). A partial revisit instead of a full revisit is 
proposed considering the efforts and time required for manual revisit 
and interpretation of validation sites (Pengra et al., 2020; Tarko et al., 
2020) and reducing delays between map accuracy estimation and map 
production release. Efficient use of available time and resources could be 
achieved by targeting the revisions to validation sites that have a high 
possibility of undergoing land cover change. We used the BFAST family 
algorithms to identify validation sample sites with breaks in time series 
based on MODIS data (Masiliunas et al., 2021; Verbesselt et al., 2010). 
Other change detection algorithms (Asokan and Anitha, 2019) could 
also be used to improve the detection rate of land cover changes for 
validation sites. Furthermore, higher resolution data such as Landsat 
and Sentinel-2 could also be applied to detect land cover changes, pro-
vided that there is sufficient history of time series data to accurately 
detect land cover change. Complementary to the targeted revisit, we 
further revisited a random fraction of the original validation dataset. We 
revisited 10% of the sample sites for each reference year (2016–2019). 
The random subset can be different depending on the available re-
sources and confidence in the change detection algorithms for the tar-
geted revisit. 
The practical approach of partially revisiting instead of a full revisit 
does not come without caveats as it is plausible that the change detec-
tion algorithm has missed validation sites with land cover change and an 
un-revisited site has seen a change in land cover. This can have an 
impact on the quality of the validation data. Such issues could be alle-
viated by improving the quality of the land cover change detection al-
gorithm. At the same time, possible errors of the validation data could be 
taken into account when assessing land cover map accuracies (Stehman 
and Foody, 2019). Depending on whether the accuracy of the reference 
land cover type is known or not, a few methods were proposed by Foody 
(2010) to account for errors in reference data in assessing the accuracy 
of land cover change mapping. This study did not account for the 
possible uncertainty of the un-revisited sites. Therefore, future studies 
could investigate this issue for example based on the methods by Foody 
(2010). Regardless, we recommend a full revisit of the validation dataset 
after a certain period (e.g., 5 years) to maintain the quality of the vali-
dation dataset. 
We collected additional validation sites to increase the sampling 
intensity of validation sites in possible change areas since 2015. Our 
results revealed that the rate of land cover change in the additional 
validation sites is 10-fold larger than the rate of change in the revisited 
sites (Table 1). This result conforms our intention to increase the sam-
pling intensity in change areas. Such sample augmentation (addition) 
was possible thanks to the flexibility of the stratified random sampling 
design (Stehman et al., 2012). However, other sampling schemes such as 
simple random sampling could also be modified to allow additional sites 
without compromising the statistical rigor. 
General stability in terms of accuracy of the annual CGLS-LC100 
maps was observed (Fig. 8). The stability in product accuracy was esti-
mated for the first time descriptively in this study to address the user 
requirement of stability in product accuracy of land cover maps (GCOS, 
2011). For assessing the stability over a longer period, we used the 
maximum and mean of stability index over the assessing period (Eq. 
(6)). The choice could depend on the strictness of the stability require-
ment by different users. Furthermore, in this study, the stability of 
product accuracy was assessed relative to the product accuracy of the 
previous year (or period). For users such as the climate modelling 
community that has a strong emphasis on the consistency of product and 
stability of product accuracy over time (Bontemps et al., 2011), assess-
ments based on relative stability index is deemed to be informative. 
However, other users may be more interested in stability requirements 
in absolute terms, for example, accuracy fluctuations not exceeding 5% 
over time. With the increased availability of operational land cover 
monitoring providing land cover data over time, further guidelines and 
best practices need to be developed to assess the long-term stability in 
product accuracy, considering different user needs. 
We proposed an adjacent year approach (Eq. (5)) to assess the sta-
bility in product accuracy and applied this for the annual CGLS-LC100 
maps from 2015 to 2019. For longer time series of annual maps, e.g., 
when different sensors are introduced, other methods of assessing sta-
bility in product accuracy can be investigated. For example, the trend in 
product accuracy (Padilla et al., 2014) could be assessed, particularly 
when higher accuracy is expected due to algorithm development and the 
availability of higher spatial and temporal resolution satellite data. Note 
that higher accuracy due to improved mapping might lead to decreased 
stability in product accuracy over the long period. In addition, next to 
the stability assessment on the general class accuracy level, the stability 
can also be assessed on more detailed spatial levels, e.g., continental, 
national and regional. Similarly, in addition to stability assessment, the 
temporal consistency assessment focusing on year-to-year variability in 
the mapped products is useful for product users (Sulla-Menashe et al. 
2019). 
This study focused on assessing the accuracy of annual land cover 
maps in the context of operational land cover monitoring. As many users 
are interested in land cover change monitoring (Lesiv et al., 2016; 
Szantoi et al., 2020), the accuracy of land cover change detection based 
on annual land cover maps can be analyzed in future studies. A signif-
icant amount of sites with land cover change in our validation data 
(Table 1) raises the possibility of using this dataset for accuracy and area 
estimation of land cover change. Although not the focus of this study, 
the sampling design of the CGLS-LC100 validation dataset is suitable for 
further adjustments to achieve statistically rigorous land cover change 
estimations, for example by making use of the mapped classes to 
improve the precision of the area estimates. Similarly, future efforts 
should also include a statistical estimation for areas of each land cover 
class (Stehman, 2009a). The fraction layers provided by the CGLS-LC100 
could be a useful option for improving area estimation of land cover 
classes (Buchhorn et al., 2020a). 
For the sake of keeping the independence of this operational land 
cover validation dataset, the CGLS-LC100 validation dataset is currently 
not foreseen to be publicly released. However, we envision making the 
dataset available via platforms such as LACO-Wiki (The Land Cover 
Validation Platform) (See et al., 2015) to be used to validate other land 
cover products. The LACO-Wiki platform allows users to upload their 
land cover products and assess their accuracy by using self-generated or 
existing validation datasets. This ensures that the validation dataset is 
used for validation purposes rather than training or calibration of image 
classification (Tsendbazar et al., 2018). 
5. Conclusion 
The continuous monitoring of land cover at a global scale is recog-
nized to be useful for policies focusing on adaptations to challenges 
facing today’s society such as climate change and sustainable 
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development. This study focused on advancing the operational and 
continuous validation of GLC products, which is an intrinsic part of land 
cover monitoring. We presented a framework for operational validation 
of GLC products aiming to find an efficient and timely way to update a 
validation dataset and to update the validation for the subsequent 
release of GLC products towards meeting the CEOS Stage-4 validation 
guidelines. 
As part of the framework, a partial revision of the validation dataset 
supplemented by an additional validation data collection was proposed 
to update validation datasets. This was implemented to update the 
CGLS-LC100 validation dataset for 2016–2019. Driven by the costs 
involved in visually reviewing validation sites for possible changes in 
land cover and the aim to update map validation without much time lag, 
a partial revision of the validation dataset supported by change detec-
tion algorithms at validation site locations was shown to be a useful 
practical solution. With this partial revision, more efforts could be spent 
to collect extra validation sample sites to increase the sampling intensity 
in possible land cover change areas. The same strategy can be used to 
update the validation dataset further (2020 and beyond). 
Further, we proposed metrics to assess the stability of product ac-
curacy, which is required by product users and which has not been 
provided to date for land cover products. Information on the stability of 
the product and its accuracy is important for users who require long- 
term land cover monitoring. The lack of methods to provide this infor-
mation had been noted in this study, and we proposed a descriptive 
approach to assess stability in product accuracy. As more operational 
land cover monitoring efforts are upcoming, we emphasize the impor-
tance of updated map validation and recommend improving the current 
validation practices and guidelines towards operational map validation 
so that long-term land cover maps and their uncertainty information are 
well understood and properly used. 
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